We study the price-setting behavior in a competitive market for used cars and provide empirical evidence for coarse information processing. Based on detailed field data from one of Europe's largest online marketplaces for automotive vehicles, we document systematic and sizable price discontinuities at salient car-age and mileage thresholds. The price difference between two otherwise identical cars across registration years (where one was first registered in January and the other in December of the previous year) is up to five times larger than that between two cars first registered in any two subsequent months within a registration year. A similar pattern can be observed in the mileage dimension at 10,000-km odometer marks, which is in line with earlier findings by Lacetera et al. (2012) . Being able to study discontinuities along two dimensions of the same good allows us to further our understanding towards a more general notion of inattentive behavior. While our results are compatible with a behavioral model of limited attention, we also provide evidence for a more traditional explanation based on search frictions.
Introduction
Economic theory suggests that a rational agent should incorporate all relevant information when making a decision. However, at least since Simon (1955) , economists have proposed models that relax this strong assumption. In these models, individuals simplify complex decisions, for example, by processing only a subset of information. Moreover, recent empirical research convincingly documents that consumers fail to efficiently process available information and instead rely on heuristic evaluation rules. 1 In particular, Lacetera et al. (2012) analyze data from US used-car auctions, find systematic and substantial price drops at 10,000-mile odometer marks, and explain this pattern with a model of inattention based on left-digit bias (the tendency to focus on the left-most digit of a number and partially ignoring other digits). 2 We use comprehensive field data on used-car offers from the German website mobile.de, one of Europe's largest online marketplaces for automotive vehicles, and are able to replicate the Lacetera et al. (2012) findings. But the German context allows for an additional line of inquiry, which helps us to gain a better understanding of the mechanism driving our results: In Germany, cars have an official and legally mandated documentation record that makes the year (or "vintage") and the month of first registration verifiable information.
3 Importantly, the US "model-year" concept is neither used for German cars nor the German market as a whole. 4 Instead of issuing (or advertising) a new model each year, German manufacturers produce a given model generation without significant changes for a period of several years. Hence, our dataset provides the unique opportunity to study a second dimension of coarse information processing within the same decision problem.
We find strong threshold effects on prices at first-registration-year changes. All else equal, the price differential between two cars, across vintages (where one car was first registered in January and the other in December of the previous year) is up to five times larger than that between two cars first registered in any two subsequent months within the same vintage. We document our results by implementing a regression-discontinuity design and by performing various robustness and placebo tests. A linear approximation of a limited-attention model in the spirit of DellaVigna (2009) and Lacetera et al. (2012) suggests that the inattention parameter -capturing 1 See, among others, Malmendier and Lee (2011) and Brown et al. (2010) on internet auctions, or the discontinuous price drops at thresholds -lies in the neighborhood of 0.3 to 0.4 for both dimensions, which is well within the range of parameter estimates documented in the literature.
While our results build on existing work on mileage discontinuities, we provide new evidence for the effects of inattention in another dimension, namely product age, which is applicable to a broader set of situations than odometer readings. In addition, both product dimensions differ with respect to their endogeneity, which generates contrasting predictions about the incidence of manipulative sorting: The date of first registration is an innate and unalterable feature of a used car, whereas its mileage can be strategically influenced by varying the date it is put up for sale. 5 As a consequence, we should only expect anomalous bunching of car offers around salient thresholds in the mileage, but not in the vintage dimension. Moreover, studying discontinuities along two dimensions of the same good allows us to further our understanding towards a more general notion of inattention: Such a framework would be readily applicable to a wide set of domains where underlying continuous characteristics are mapped into discrete categories (such as classifications of French wine, star-based reviews of hotels, or ratings of financial assets) and for which "inefficient" price discontinuities might also exist.
The paramount role of information provision in online markets is underlined by Lewis (2011) . Tadelis and Zettelmeyer (2015) document it for the used-car market also studied by Lacetera et al. (2012) . Busse et al. (2013) add to the insights from the wholesale market studied in Lacetera et al. (2012) and document that price drops at 10,000-mile odometer thresholds are also prevalent for retail consumers. They argue that effects are driven by consumers who devote too little attention to evaluating vehicle mileage. Limited attention has also been documented for purchase decisions in other markets. For instance, Malmendier and Lee (2011) analyze individual bidding behavior in auctions on eBay and find that people tend to anchor on an irrelevant retail price for a board game if the seller mentions that price in the product description. At the same time, many of the winning bids exceed a more relevant outside option, the so-called "buy-it-now" price, which is a fixed strike price set by the seller as an alternative to the auction process.
6 Pope (2009) shows that patients strongly react to changes in coarse rankings of hospitals while ignoring more informative continuous measures of hospital quality. In a similar vein, the degree of salience of taxes appears 5 Note that while the date of first registration is an exogenous feature when selling a used car, it is certainly endogenous to the initial purchase decision when the car was new. We discuss this issue in Section 3.1. 6 Schneider (2016) offers a follow-up comment on Malmendier and Lee (2011) and suggests that their results are potentially driven not by limited attention but by specific features of eBay's search filters that do not necessarily return all relevant alternatives for a specific good. As a result, auction prices may exceed fixed prices because consumers are simply unaware that the fixed-price option is available for the item in question.
to affect consumption behavior. For example, Chetty et al. (2009) conduct a field experiment at a grocery store and find that posting tax-inclusive prices reduces demand. Finkelstein (2009) shows that reduced salience of road tolls (caused by the introduction of electronic toll-collection systems) leads to higher tolls. Analyzing stock market data, Gilbert et al. (2012) provide evidence that investors with limited attention have an incentive to focus on summary statistics rather than individual pieces of information. They analyze the market response to the U.S. Leading Economic Index (LEI), a macroeconomic release that is purely a summary statistic, and show that the LEI announcement has an impact on aggregate stock returns, return volatility, and trading volume. In a recent article, Luca (2016) studies consumer demand for restaurants and documents discontinuous responses to online ratings. We add to these findings by demonstrating that inattention affects high-stake purchase decisions even if the relevant information is readily available at basically no cost and by being able to study discontinuities along two dimensions of the same good.
The remainder of this paper is structured as follows. Section 2 describes the data. Section 3 presents the graphical and regression analysis for vintage and mileage discontinuities. An extensive set of robustness and placebo tests is summarized in Section 4. Section 5 discusses the implications of our results and concludes.
Data

Data source: The mobile.de website
We collected detailed information on more than 63,000 cars offered during July and August of 2009 on mobile.de, one of Europe's largest online marketplaces for automotive vehicles. Founded in 1996, mobile.de takes the role of an intermediary between supply and demand within a two-sided market. It provides a platform for sellers to place advertisements for new and used cars in exchange for a fixed fee, and it provides a free comprehensive search tool for prospective buyers to screen through roughly 1.5 million total offers. The company itself is not involved in the purchase or the sale of a vehicle and a successful transaction does not invoke any fees.
To borrow from mobile.de's self description, prospective buyers "can limit search results by setting individual preferences and like this obtain customized offers with just a few clicks", providing them "with an overview of the market and information about prices". 7 The same is true for sellers who want to evaluate their car before offering it for sale.
Figure A.1 in Online Appendix A shows the interface on mobile.de's main page. It is a simplified search form that allows to filter for makes, models, and a number of other basic characteristics. An advanced search form provides a large additional set of filter options. Conducting either type of a search, returns a list of all vehicles that match the chosen filters. By default, the search results are sorted by price, and their main attributes are summarized as shown in Figure 1 . This preview explicitly states the first-registration date (e.g. "04/2016", if the car was first registered in April of 2016) besides additional information on price, mileage, color, motor power, and some additional features. It is also possible to save a specific car for later access (to "park" a vehicle), and to directly compare it to other selected cars. Figure 2 depicts an example profile page for a car offer, which is accessed by clicking the respective search result.
Since mobile.de is not an auction market, we only observe the asking prices of sellers. These may deviate from final prices due to negotiations during the actual sale of the car. However, for this to be a concern for our analysis, these deviations would have to systematically differ between pre-and post-threshold cars, which seems implausible. Nevertheless, we took two steps to validate that the asking price is indeed a reasonable proxy for the final price in this market environment: First, on mobile.de sellers have the option to declare the asking price as either "fixed" or "negotiable". For our analysis, we exclusively collected data from offers with fixed prices. Second, we extensively searched the web for guides on "how to buy a used car" or "how to negotiate a good deal when buying a used car". While there is an abundance of such handbooks, there is no mention of inflated prices (and bargaining opportunities) for January cars or that December cars are generally better deals. We regard the notable absence of such suggestions to be supportive of our argument. For simplicity, we use the terms "price" and "asking price" interchangeably throughout the paper. 
Sample composition
We collected information on the best-selling car model by each of the five leading German manufacturers 8 . We selected cars whose date of first registration falls between December 2007 and January 2000. Having collected the data in the summer of 2009, this implies that the youngest car in our sample is 20 months old, whereas the oldest car has an age of 116 months (roughly nine and a half years). This selection guarantees the exclusion of a particular market segment with quite idiosyncratic features, known as "Jahreswagen". Such cars are typically given to employees for roughly one year as part of their compensation package and differ substantially (both with respect to their characteristics and the way they were used) from privately owned vehicles that dominate the used-car market. Because the introduction of a new model generation affects prices substantially, we control for such model revisions. Information on the exact dates of the respective market launches are available through the so-called Schwacke list, the Deutsche Automobil Treuhand (DAT), and the manufacturers' websites. For an overview of model updates that occurred in our sample, see Table A .1 in Online Appendix A, and note that model updates do not happen around year changes in our sample. However, controlling for model revisions is not trivial because we only know when factories switched production from one generation to the next but cannot distinguish if a given car in our sample is in fact the new model or rather the previous one that has been sitting at the dealer's lot for a few months. For our main specifications, we classify a car as having undergone a model update if it was first registered more than three months after the factories switched production. In Section 4 we document that our results are robust to alternative definitions of these model-generation indicators. Table 1 provides the summary statistics of the main variables used for analysis. These include a whole roster of car features that will likely affect the seller's asking price. The two most important determinants for our analysis are a car's age and mileage. The age of a car is measured in months and normalized relative to the youngest car in the sample. 10 Additional car characteristics that are useful as control variables include engine power and several special features for which we define indicator variables. The final row of Table 1 indicates that roughly 87% of offers come from professional car dealers.
Summary statistics
Unconditional correlations between these variables are in line with conventional wisdom: Car prices are strongly negatively correlated with car age (ρ = −0.85) and with mileage (ρ = −0.78). Conversely, horsepower (ρ = 0.45), diesel engines (ρ = 0.11), five-door options (ρ = 0.16), and all other special features are positively correlated with prices.
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Note that our two key explanatory variables -mileage and vintage of a car -are self-reported. While this is unlikely to be a concern for the latter because the date of first registration is officially mandated and easily verifiable, we suspect our odometer 10 The information on the month and year of first registration are stored in the variables fr_month ∈ [1, 12] and fr_year ∈ [2000, 2007] , respectively. We combine these to define the variable totalage ∈ [1, 96] that captures the precise age of a car measured in months: totalage ≡ 12 · (2007 − fr_year) + (13 − fr_month). As a result, the youngest car in our sample (first-registration date of 12/2007) will be assigned a totalage value of 1 month.
11 While not listed in Table 1 , another determinant for the price of a car is its color. We therefore also define a set of color indicators to control for their impact on prices, where the effects are measured relative to the color black. We find that prices are indeed somewhat responsive to different colors. To improve readability, however, we omit the coefficients for the color dummies in the regression tables that follow. data to be more susceptible to measurement error. In fact, when plotting the raw mileage data (not depicted here for lack of space), we observe a discontinuous distribution, where much of the mass is on exact multiples of 1,000 km, which indicates considerable rounding. A similar picture emerges in Figure 3 , where the distribution of car mileage is measured in 1,000-km bins: There is considerably more mass in the neighborhood to the left of 10,000-km thresholds (including the threshold itself) than to the right of the thresholds -a pattern that we discuss in Section 3.2. The distribution of car age is depicted in Figure 4 . We find some fluctuations across registration months with a relative mass between roughly 18 and 40 months. Importantly, there are no systematic jumps around vintage thresholds but the data follows the seasonal pattern of first registrations that the Federal Office for Motor Vehicles records since 1970: There are generally few registrations in winter, then numbers pick up in spring, peak in summer, and decrease throughout the fall before reaching the low winter levels again. Finally, Figure 5 reveals that the distribution of our dependent variable -car prices -is somewhat right-skewed but approximately normally distributed.
Empirical analysis
Vintage discontinuities
Graphical analysis
We begin our empirical analysis by plotting the price data as a function of car age. In Figure 6 , each dot represents the average adjusted 12 residual asking price (after controlling for a fifth-order age polynomial, mileage, horsepower, model updates, and other car features) for all cars first registered in a given month of a given year.
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The vertical lines represent the vintage thresholds. As one would expect, prices decrease with age. While the decline in prices is continuous and approximately linear within each vintage, there are systematic and substantial discontinuities between vintages. This pattern is consistent with inattentive price-setting behavior where too much weight is given to the registration year of a car as opposed to the much more informative registration date.
Regression analysis
To corroborate the graphical analysis and to obtain numerical estimates for the observed price discontinuities, we continue with econometric analysis. Our identification strategy is based on a regression discontinuity (RD) design (see Lee and Lemieux (2010) for an overview). Particularly, to identify the discontinuities at vintage thresholds, we estimate the OLS regression
where p i is the price of car i, and X i is a vector of observable car characteristics, f (·) is a polynomial function of car age, a i , and captures the continuous relationship be- 12 To facilitate the readability of Figure 6 , we add the estimated age polynomial and a constant back into the residual. 13 See Figure A .2 in Online Appendix A for the same analysis using raw price data. coefficients are the parameters of interest, as they measure the discontinuous difference in prices -conditional on precise car age a i -between cars that were registered in subsequent years. The intuition of this approach is that the coarse registration-year information should have no additional impact on car prices, once the much finer carage information is accounted for. Column (1) merely controls for a fifth-order age polynomial and the full set of threshold indicators and provides estimates of the price discontinuities before accounting for any heterogeneity in the car population. Given the important role of (thus far uncontrolled) model updates, these somewhat unsystematic results should be interpreted with caution. In Columns (2) through (5), we increase the number of control 14 In our main specification, we use a fifth-order polynomial to control for age. This specific functional form was chosen based on the Akaike Information-Criterion Test. Our results are robust to using lower-order and higher-order polynomials, as discussed in Section 4. 15 The drop in sample size from Column (1) to Column (2) is due to variation in the availability of information on certain car features, especially horsepower, engine displacement, transmission kind, and fuel kind. Notes: Results are for the main empirical specification (see Section 3.1). Depicted are estimates for β v y . FR stands for "first registered". Car age is controlled for by a fifth-order polynomial (chosen based on the Akaike Information Criterion Test). Car features include all car characteristics listed in Table 1 . Seller type distinguishes between commercial and private sellers. Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. variables. Column (2) adds controls for the car features listed in Table 1 , which substantially increases R 2 and affects significance, size, and in some cases even the sign of the coefficients. In Column (3) we augment the control vector by information on model updates while Column (4) includes model fixed effects. Column (5) is the most encompassing specification as it simultaneously controls for all of the aforementioned characteristics. Once heterogeneity in car features is accounted for, five out of seven of the coefficients of interest are significantly negative, whereas the other two are indistinguishable from zero. These results closely mirror the graphical analysis above and provide strong evidence for systematic price discontinuities when passing vintage threshold, even after controlling for precise car age and a large number of additional car features.
The estimated discontinuities are also economically significant. For instance, the average price drop at vintage thresholds in the specification without car-model fixed effects (Column (3)) is EUR 418.79, whereas the average devaluation within vintages amounts to only EUR 79.80 per month. Assuming a linear relationship between car prices and age allows for a back-of-the-envelope approximation of an inattention parameter in the spirit of Lacetera et al. (2012) : 16 The average car in our sample loses EUR 1,296.59 per year in value, which implies an inattention parameter of 418.79 1,296.59
= 0.32, suggesting that roughly 32% of the annual depreciation occurs in a threshold month -a value that falls well within the range of inattention parameters documented in the literature (see DellaVigna, 2009 ).
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We continue by studying the heterogeneity of results with respect to the identity of the vendor and stratify our sample by seller type. Column (6) re-estimates the specification from Column (5) in a sample of commercial sellers. Given that such institutional vendors make up almost 90% of our sample, it is hardly surprising that results closely mirror those from the main analysis. Interestingly, results become even more consistent in a sample of private sellers (Column (7)). Not only do we find negative discontinuities at all seven thresholds, but the average price drop is also significantly larger than for professional sellers (EUR 506.67 vs. EUR 304.88 ). This provides suggestive evidence that less experienced market participants may be more susceptible to underestimating the importance of accounting for the exact registration date when evaluating their car and setting the price.
A threat for identification in research-discontinuity settings is manipulative sorting around the thresholds, since asymmetric supply may potentially drive the observed price drops. Recall that we should not expect any anomalous bunching in the vintage dimension because the date of first registration is an inherent feature of a used car that cannot be changed by expediting or delaying its sale. Hence, it is impossible to strategically alter a car's relative position to the vintage thresholds. In fact, Figure 4 documents that there are no systematic differences in the supply of December and January cars but that the distribution of used-car offers follows the same seasonal pattern as that for new cars (see Section 2.3).
While we deem it plausible to interpret the uncovered discontinuities as due to inattention, our results could potentially be driven by other factors as well. For in- 16 While this specific functional form is unlikely to be the best fit for our data, it is a simplification commonly used in the literature, see, e.g., DellaVigna (2009) or Lacetera et al. (2012) . 17 For comparison, the specification with car-model fixed effects (Column (5) stance, unobservable heterogeneity around registration-year thresholds could produce similar patterns in the data. To use an example by an anonymous referee, cars that were first registered in December, say as a Christmas gift, may have been treated systematically different than cars that were first registered in January. While it will always be possible to construct such examples of alternative explanations as long as there is unobservable information -which is invariably the case in any empirical work with observational data -there are several features of the German market for new cars that work in our favor: In most cases, buyers of factory-new cars are unable to choose precisely when their car is delivered and, consequently, first registered. With waiting periods ranging from several weeks to even months (depending on the specific car model), the actual purchase of "December cars" and "January cars" (according to their first registration) will likely have occurred in the preceding fall. For the purpose of our study, this waiting time is an advantage, as it adds randomness to the date of first registration. As a result, the initial buyer lacks full control over the timing of events, which moves us closer to an ideal experiment where registration dates would be randomly allocated. Moreover, uncontrolled climatic differences are unlikely to be at work either because German Decembers and Januaries are equally prone to snow and the use of corroding road salt. There are also no general market patterns that would suggest differences in prices (including discounts) or the amount of cars sold between December and January when the cars were new.
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In a similar vein, another anonymous referee suggested that a discussion of car warranties -which could potentially be behind the vintage discontinuities -was warranted. In Germany, there is a legally mandated two-year warranty for any product upon purchase. 19 In addition, car manufacturers often provide additional voluntary warranties that are defined for a certain time period (usually two years) after first registration. Since our data is from the summer of 2009, the vast majority of warranties in our sample will already have expired, and even the ones that are still effective are not on the brink of systematically elapsing for December cars. For these reasons, it is highly unlikely that product warranties can explain the observed price drops at vintage thresholds.
While our case against the confounding influence of unobservable heterogeneity relies on verbal arguments alone, we are able to methodologically address the issue of observable heterogeneity around vintage thresholds. In Online Appendix B, we show that there are no systematic changes in observable car characteristics (other than 18 For details, see the registration statistics by the Federal Office for Motor Vehicles and the monthly discount index ("Rabattindex") published by the Center for Automotive Research (CAR) at the University of Duisburg-Essen: https://www.uni-due.de/~hk0378/Rabatte_Index/CAR-Rabatt-Index-Dez12. pdf.
19 This type of warranty, known as "Gewährleistung", also applies to the sale of used cars. However, non-commercial transactions are exempt from this regulation -a fact that is in line with our data: Controlling for car characteristics, cars offered by private sellers, not liable for Gewährleistung, are roughly 10% cheaper than those offered by professional dealerships. price) at vintage thresholds, which suggests that December cars and January cars are indeed close substitutes and not drawn from inherently different populations.
Mileage discontinuities
We now turn to another car feature that could potentially be associated with price discontinuities: the odometer reading as stated in the sales offer. Recall that our carmileage data is likely subject to misreporting, which may explain that our results in this dimension are less robust than in the vintage dimension. Despite these concerns of measurement error, we are able to replicate the main findings by Lacetera et al. (2012) .
Graphical analysis
We begin by plotting the price data as a function of car mileage. In Figure 7 , each dot shows the average adjusted 20 residual price (after controlling for a second-order mileage polynomial, car age, horsepower, model updates, horsepower, model updates, and other car features) for all cars that lie in the same 1,000-km odometer bin. 21 The vertical lines represent 10,000-km thresholds. Unsurprisingly, prices de-20 Again, we adjust residuals by adding the estimated mileage polynomial and a constant. 21 See Figure A .3 in Online Appendix A for the same analysis using raw price data.
crease with mileage. Within each 10,000-km bin, prices decline continously but there are systematic (albeit small) drops at the 10,000-km marks. 22 With no apparent explanation for the importance of 10,000-km thresholds, this result is in line with the interpretation by Lacetera et al. (2012) that heuristic decision making plays a role in the mileage dimension as well.
Regression analysis
The regression approach follows the same logic as that for the vintage thresholds. To identify the 10,000-km mileage discontinuities, we implement an RD design where we estimate the following regression with OLS:
The dependent variable is the car price and controls for car characteristics are collected in X i . The continuous relationship between price and odomoter readings, o i , is captured with the polynomial function g (·) . 23 To measure the impact of crossing a given 10,000-km threshold, we include ten dummy variables, D m ki
. The corresponding β m coefficients are the parameters of interest, as they measure the discontinuous difference in prices -conditional on the exact (stated) odometer reading o i -when a car crosses a 10,000-km mark.
Even though the graphical evidence appears less striking than was the case for the vintage discontinuities, the corresponding regression results in Table 3 are reassuring. 24 As before, Column (1) controls only for the mileage polynomial and the full set of indicator variables. As we move trough Columns (2) to (5), control for car heterogeneity becomes more encompassing. When accounting for all observable characteristics in Column (5), each threshold coefficient is significantly negative and sizable, suggesting economically meaningful price discontinuities at 10,000-km marks. The average price drop at 10,000-km thresholds in Column (3) amounts to EUR 367.33 compared to an average price decrease between thresholds of EUR 63.26 per 1,000 km. The corresponding inattention parameter in the spirit of Lacetera et al. (2012) would be approximated by 367.33 936.65 = 0.39, implying that about 39% of the depreciation per 10,000 km occurs at the moment a car passes a threshold.
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22 Note that the trend lines, while helpful to visualize the downward price trend within and across bins, impair the visibility of the discontinuities. To see the latter, focus on the triangles right before and after each of the 10,000-km thresholds. 23 In our main specification we use a second-order polynomial to control for mileage. Again, this specific functional form was chosen based on the Akaike Information-Criterion test. The robustness with respect to other polynomials is discussed in Section 4. 24 Again, the drop in sample size from Column (1) to (2) is due to variation in the availability of information on certain car features. 25 Results from the specification with car-model fixed effects (Column (5) When dividing the sample with respect to seller type in Columns (6) and (7), results are markedly different from those in the vintage dimension, where the discontinuities were more pronounced and consistent for private sellers. In the mileage dimension, the average price drop at 10,000-km thresholds is roughly the same for private and commercial sellers (EUR 350.17 versus EUR 362.37) . Moreover, the estimates from the private-seller sample greatly suffer from increased imprecision, resulting in a less consistent pattern for this type of vendor. It is possible that this blurred evidence is attributable to the measurement concerns of our odometer data, assuming that commercial (and legally liable) vendors report car mileage with more accuracy than private sellers. On this account, it is not surprising that our results mirror those by Lacetera et al. (2012) -who rely on verifiable mileage data from commercial auctions -more closely in the subsample that is institutionally more similar to theirs.
In contrast to the distribution of car age -and in line with expectations - Figure 3 provides evidence for manipulative sorting in the mileage dimension, as there is considerable bunching of offers right before a car passes 10,000-km thresholds. This may either be misreporting or the result of a strategic decision to sell a car before the odometer passes a salient (and value-destroying) threshold. In any case, it suggests that sellers at least believe prospective buyers to be inattentive when evaluating car offers. Importantly, this pattern does not provide an alternative explanation for the observed price drops because excess supply of cars with odomoter values below the thresholds should depress, rather than inflate, prices for cars in this crowded market segment.
Unobserved heterogeneity in the car population around 10,000-km mileage thresholds is unlikely to be a concern in the mileage dimension because -in contrast to the vintage dimension -the relative position with respect to a threshold is neither an innate car feature, nor subject to the way a car was used. In addition, none of the manufacturers in our sample offers mileage-based warranties, eliminating this potential source of confounding as well. Of course, one could argue that vendors who strategically sell their car before a threshold is passed (or alternatively: who underreport odometer values to boost the car value) may also systematically treat their car differently. However, we believe such considerations to be largely speculative and even the direction of any potential bias would be ex-ante unclear. This is why we limit our discussion in Online Appendix C to documenting the absence of observable heterogeneity around 10,000-km thresholds.
Robustness analysis
Vintage discontinuities
In Online Appendix B, we present an extensive set of robustness checks for our analysis in the vintage dimension. We start by examining empirical pitfalls typical for research-discontinuity settings. In Figures B.1-B.4 we provide graphical evidence that our results are not driven by changing market compositions around the thresholds. We also perform placebo tests by creating indicators for artificial year thresholds. Results in Table B .1 document that these placebo thresholds do not exhibit systematic discontinuities.
We continue by gauging the robustness of results to changes in the main empirical specification. Since prices have a long right tail (recall Figure 5) , it seems appropriate to log-linearize Regression 1. As results in Table B .2 reveal, this modification produces even more consistent results. In our main specification, we classify a car as having undergone a model update if its first registration occurred more than three months after factories switched production. Table B .3 documents that results are robust to varying definitions of model-update dummies. Finally, results in Table B .4 show that our conclusions remain intact when using lower-order or higher-order polynomials than those endorsed by the Akaike Information-Criterion Test.
Mileage discontinuities
Online Appendix C repeats the analysis from Online Appendix B in the mileage dimension. Figures C.1-C.4 provide evidence that cars to the left and to the right of mileage thresholds are comparable in their observable charcteristics. Moreover, we perform a placebo test by converting odometer readings from kilometers to US miles. Given that Germany exclusively uses the metric system, US-mile thresholds should be irrelevant even if heuristics play a role in decision making. Indeed, results in Table C.1 show that all but the first 10,000-mile placebo thresholds are associated with insignificant coefficients.
Empirical robustness of results with respect to changes in the main specification is less convincing for the mileage dimension than it was for the vintage dimension. For instance, log-linearization is not innocuous but even reverses results for some of the 10,000-km thresholds (see Table C .2).
26 While Table C.3 documents robustness to varying definitions of model-update dummies, results are somewhat sensitive to using mileage polynomials of orders higher than three, whereas lower-order polynomials work fine (see Table C .4). However, note that specifications that accommodate higher-order polynomials appear to suffer from multicollinearity and our statistical 26 However, given the concerns of measurement error in our mileage data, we are certainly not inclined to call the findings by Lacetera et al. (2012) -who document systematic and sizable discontinuities with more reliable data in the mileage dimension -into question.
software fails to provide the F-Test statistic, which suggests that results are in line with expectations, as long as the econometric model is not misspecified.
A horserace
As a final robustness exercise, Online Appendix D implements a horserace specification by jointly controlling for mileage and vintage thresholds. Results in Table D .1 show that both discontinuities exist independently of one another. Not only do effects in either dimension survive, but especially the vintage discontinuities are even slightly more pronounced.
Discussion and conclusion
We study the price-setting behavior in a competitive market for used cars and provide empirical evidence for coarse information processing. Based on detailed field data from one of Europe's largest online marketplaces for automotive vehicles, we document systematic and sizable price discontinuities at salient car-age and mileage thresholds. The price difference between two otherwise identical cars across registration years (where one was first registered in January and the other in December of the previous year) is up to five times larger than that between two cars first registered in any two subsequent months within a registration year. A similar pattern can be observed in the mileage dimension at 10,000-km odometer marks, which is in line with earlier findings by Lacetera et al. (2012) .
Given the high-stake nature of a car sale, these price discontinuities are quite intriguing and raise the natural question about the driving force behind this behavioral pattern. We argue that it can be explained by a simple model of limited attention in the spirit of DellaVigna (2009), where the overall value of a car, V , is the sum of a salient component, s, and an opaque component, o: V = s + o. In the context of the vintage (mileage) dimension, s would be determined by the registration year (the left-most digit in the odometer reading), whereas the value o would be influenced by the precise registration month (the digits to the right of the first odometer digit).
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Limited attention is modeled by the assumption that market participants perceive the car value to beV = s + (1 − θ )o, where θ measures the degree of inattention. Note that the opaque information need not necessarily be hidden or difficult to access. As is the case with the exact date of registration and mileage of a car, o can be clearly visible at no cost, but individuals -for some reason -fail to fully process it at rate θ . The key question in this framework is what this reason might be.
On the one hand, inattention may be driven by bounded rationality. According to this notion, individuals tend to follow heuristics, which imply optimization under the constraint that processing information, while beneficial, is psychologically costly. An example for such a heuristic is left-digit bias, which Lacetera et al. (2012) argue to be the psychological mechanism behind price discontinuities in the mileage domain. Note that while left-digit bias -if applied narrowly -cannot explain that the price difference between two cars registered in December 2004 versus January 2005 is larger than the one between January 2005 and February 2005, we do not interpret our results in the vintage domain to be at odds with their interpretation. Instead, we believe that a more general notion of information-prominence bias (where left-digit bias can be thought of as a special case) can accommodate both our findings and those by Lacetera et al. (2012) , and would be applicable to a wide set of domains where underlying continuous characteristics are mapped into discrete categories (such as classifications of French wine, star-based reviews of hotels, or ratings of financial assets). Future research will likely shed additional light on the generality of inattention-induced discontinuities in other economic contexts.
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On the other hand, it is possible that inattention has a more rational footing. DellaVigna (2009) (p.349) emphasizes that "in general, models of limited attention can be rephrased as rational models with information costs in which less salient information has higher costs of acquisition." While this alternative explanation seems to be inapplicable to our context (where the exact information on mileage and registration date is readily visible at no cost) at first glance, we argue that at least part of the observed discontinuities may in fact be driven by implicit search costs. Our intuition is that inattentive individuals will evaluate a given vehicle relative to the average car from an easily accessible "comparison sample" (here: the same vintage or mileage bin), while the more relevant comparison group consists of cars of similar age or mileage, irrespective of the vintage or mileage bin they belong to. For instance, a car first registered in December of 2006 should be contrasted with cars of comparable age, say within a six-months window (cars first registered between September of 2006 and March of 2007). However, mobile.de's search filter does not allow to adjust inquiries for the precise month of first registration. In order to obtain the desired information, one would have to screen a substantially higher number of offers, namely the entire universe of cars registered in 2006 and 2007. These potential search costs discourage the comparison of offers across vintages and increase the likelihood that individuals are simply unaware of the systematic price differentials.
29
Discriminating between the relative roles of behavioral bias and traditional search frictions in explaining price discontinuities is an important challenge for future research (see Schneider, 2016 and Malmendier, 2016) . On this account, Englmaier et al. (2016) study an online market for virtual goods that exhibit similar price dis-continuities in the age domain: the soccer-manager game hattrick.org. Their paper exploits an exogenous change in the website's search interface that resulted in the elimination of search cost for precise product age and finds that while price drops at thresholds were significantly reduced, substantial discontinuities remained.
The presence, persistence, and relevance of coarse information processing documented by this and other papers in various consumer-choice contexts has important managerial implications. Clearly, the scope of applications is not limited to the automotive sector but relates to any good for which consumers base their decisions on salient parameters. Examples are, as mentioned above, financial products (ratings), but also real estate (living space), computers (processor speed), or food (sugar content). For instance, in the area of product design our results imply that endogenous product features should strategically stay below (sugar content of a beverage) or above (living space of a new construction) salient thresholds. In case of exogenous product features, attention needs to be devoted to making the "right" features salient.
Another relevant question aims at the economic and welfare implications of the price discontinuities in the investigated used-car market. Given that a substantial amount of cars will be overpriced relative to their objective characteristics, there will be redistributive effects to the detriment of inattentive buyers. At the same time, it is possible that overpricing leads to too little trade and a real loss in surplus, as overly expensive vehicles may be shunned by rational buyers, causing a welfare loss among market participants who try (and fail) to sell their prohibitively priced January cars. Similarly, owners of December cars may be discouraged to even put their car up for sale at such low prices, reducing trade from the supply side as well. While these inefficiencies make the case for the elimination of price discontinuities from a social planner's point of view, it is not clear that marketplace providers would favor such action, too. Although market efficiency would likely be increased, a majority of sellers might prefer the market segmentation because their products will appear more differentiated than they really are, thereby weakening competition. Since in most two-sided markets of this kind, positive prices are only paid by sellers, the platform providers may have an incentive to cater to their preferences and hence prefer to keep the discontinuities in place. Analyzing these implications for platform pricing and more general industrial-organizational aspects are promising topics for future research. ii iii B Robustness analysis: Vintage dimension
B.1 Potential empirical pitfalls
Observable heterogeneity around thresholds
To assure that our results are not driven by differing car populations around the thresholds, we check whether January and December cars are comparable with respect to their average mileage ( Figure B .1), their average horsepower ( Figure B. 2), their average fuel type ( Figure B.3) , and the composition of seller types (private versus commercials sellers) ( Figure B.4) . These raw-data plots show somewhat erratic but certainly unsystematic patterns, which suggests that the observed price discontinuities are not driven by changes in the underlying market composition. 
Placebo tests
In another important consistency check we perform placebo tests by creating indicators for artificial year thresholds and testing whether these are associated with discontinuities as well. Even though we observe significant coefficients for a few placebo thresholds, these are unsystematic, both with respect to their sign and their size. Results for three different placebo tests that move the vintage thresholds to the other three end-of-quarter months -March, June, and September -can be found in Table B.1. Notes: Depicted are estimates for β v y (see Section 3.1) when applied to the respective placebo thresholds. FR stands for "first registered". All regressions include the original non-placebo December thresholds, for which estimates do not significantly change. Control variables are the same as in the main empirical specification. Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. Notes: Depicted are estimates for β v y (see Section 3.1) after taking the log of car prices. Car age is controlled for by a fifth-order polynomial (chosen based on the Akaike Information Criterion Test). Car features include all car characteristics listed in Table 1 . Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively.
B.2 Robustness to changes in the main specification
Log-linearization
Since the distribution of prices is right-skewed (recall Figure 5) , a sensible robustnesscheck is to log-linearize Regression 1. As results in Table B .2 reveal, this modification produces results that are even more consistent than those from our main specification, which is particularly reassuring given the long right tail in prices.
viii
Alternative model-update indicators
In our main specification, we classify a car as having undergone a model update if its date of first registration was more than three months after factories switched production. Our results are robust to varying definitions of model-update indicators, which suggests that the potential measurement error when assigning the model-generation information is unlikely to be harmful. Table B .3 collects the results for the following dummy definitions that we used for robustness analysis:
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• D1: Model-generation indicator (measuring fixed effects for each model generation) imposing no insecurity: We treat all cars registered one month or later after the official model switch as being a new model.
• D2: Model-generation indicator (measuring fixed effects for each model generation) with five-months insecurity window: Like D1 but we treat the model status of cars registered within three months after a model switch as unknown. Effectively, these cars are not used to identify our model.
• D3: Model-update dummy imposing no insecurity: Takes on the value of one if a model update happened in a given month.
• D4: Model-update dummy, with five-months insecurity window: Like D3 but the five months after the introduction of a new model are also labeled as a modelupdate month.
Alternative car-age polynomials
A key identifying assumption of any research-discontinuity design is that the continuous relationship between the forcing variable (here: car age) and the outcome variable (here: car price) is adequately captured by the polynomial function f (·). Since this assumption is inherently untestable, the literature (see e.g., Lee and Lemieux, 2010) stresses that results should be robust to varying polynomial functions in order to be credible. As can be seen in Table B .4, this is indeed the case, as our key results stay stable even when lower-order and higher-order polynomials than those endorsed by the Akaike Information-Criterion Test are used. 8163 0.8583 N 50,872 50,872 50,872 50,872 50,872 50,872 50,872 50,872 Notes: Depicted are estimates for β v y (see Section 3.1) for varying model-update indicators. Mainspecification benchmark: A car is classified as a new model if its date of first registration is more than three months after an official model launch. D1: Model-generation indicator imposing no insecurity (all cars registered at least one month after an official model launch are classified as a new model). D2: Model-generation indicator with five-months insecurity window (like D1 but the model status of cars registered within five months after a model launch is treated as unknown). D3: Modelupdate indicator imposing no insecurity (takes on the value of one if a model update happened in a given month). D4: Model-update dummy, with five-months insecurity window (like D3 but the three months after a market launch are also labeled as a model-update month). Car age is controlled for by a fifth-order polynomial (chosen based on the Akaike Information Criterion Test). Car features include all car characteristics listed in Table 1 . Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. Notes: Depicted are estimates for β v y (see Section 3.1) for varying car-age polynomials. The mainspecification benchmark is a fifth-order polynomial (chosen based on the Akaike Information Criterion Test). Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. xi C Robustness analysis: Mileage dimension
C.1 Potential empirical pitfalls
Observable heterogeneity around thresholds
To assure that our results are not driven by differing car populations around the thresholds, we check whether cars to the left and to the right of 10,000-km marks are comparable with respect to their average mileage (see Figure C .1), their average horsepower (see Figure C. 2), their average fuel type (see Figure C. 3), and the composition of seller types (private versus commercials sellers) (see Figure C.4) . As was the case for the vintage thresholds, these raw data plots show erratic but unsystematic patterns, which suggests that the observed price discontinuities are not driven by changes in the underlying market composition. 
Placebo test
For our placebo test in the mileage dimension, we convert odometer readings from kilometers to US miles and check for discontinuities in the converted data at 10,000-mile thresholds. Given that Germany exclusively uses the metric system, US miles thresholds should be irrelevant even if heuristics play a role in decision making. As is apparent from Table C.1, all but the very first 10,000-mile placebo threshold are statistically indistinguishable from zero, which is in line with expectations. Notes: Depicted are estimates for β m y (see Section 3.2) after converting the mileage data from kilometers to US miles. All regressions include the original 10,000-km thresholds, for which estimates do not significantly change. Control variables are the same as in the main empirical specification. Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. xv C.2 Robustness to changes in the main specification
Log-linearization
As results in Table C .2 reveal, log-linearization of Regression 2 is not innocuous and even reverses results for some 10,000-km thresholds. This pattern is puzzling, since discontinuities in the mileage dimension have been convincingly documented to be systematic and sizable by Lacetera et al. (2012) . However, we are certainly not inclined to call their findings into question but rather attribute the lack of robustness to the concerns of measurement error in our mileage data.
Alternative model-update indicators
As was the case for the vintage discontinuities, our mileage results are robust to varying definitions of model-update indicators. This suggests that the potential measurement error when assigning the model-generation information is unlikely to be harmful. Results in Table C .3 are for the same definitions of alternative indicators as described in Section B.2.
Alternative car-age polynomials
As was the case with log-linearization, results in the mileage domain are somewhat sensitive to using car-age polynomials of orders higher than three, whereas orders of one, two (the main-specification benchmark), and three work fine (see Table C .4). However, note that specifications that accommodate polynomials of orders higher than three appear to suffer from multicollinearity and that our statistical software fails to return the F-Test statistic, which suggests that results are in line with expectations, as long as the econometric model is not misspecified. Notes: Depicted are estimates for β m y (see Section 3.2) after taking the log of car prices. All regressions include the original 10,000-km thresholds, for which estimates do not significantly change. Control variables are the same as in the main empirical specification. Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. Notes: Depicted are estimates for β m y (see Section 3.2) for varying model-update indicators. Mainspecification benchmark: A car is classified as a new model if its date of first registration is more than three months after an official model launch. D1: Model-generation indicator imposing no insecurity (all cars registered at least one month after an official model launch are classified as a new model). D2: Model-generation indicator with five-months insecurity window (like D1 but the model status of cars registered within five months after a model launch is treated as unknown). D3: Modelupdate indicator imposing no insecurity (takes on the value of one if a model update happened in a given month). D4: Model-update dummy, with five-months insecurity window (like D3 but the three months after a market launch are also labeled as a model-update month). Car mileage is controlled for by a second-order polynomial (chosen based on the Akaike Information Criterion Test). Car features include all car characteristics listed in Table 1 . Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively. 2) for varying car-mileage polynomials. The main-specification benchmark is a second-order polynomial (chosen based on the Akaike Information Criterion Test). Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively.
xix
D Robustness analysis: Horserace
As a final robustness exercise, we implement a horserace specification by controlling for mileage and vintage thresholds at the same time. Results in Table D .1 show that both discontinuities exist independently of one another. Not only do effects in either dimension survive, but especially the vintage discontinuities are even slightly more pronounced. 2). Control variables are the same as in the main empirical specification. Robust standard errors are stated in brackets. *, **, and *** indicate statistical significance at the 5%, the 1%, and the 0.1% level, respectively.
